Introduction {#s1}
============

Most human complex traits are highly polygenic ([@bib44]; [@bib7]). For example, height has been estimated to be modulated by as much as 4% of human allelic variation ([@bib7]; [@bib46]). Polygenic traits are expected to evolve differently from monogenic ones, through slight but coordinated shifts in the frequencies of a large numbers of alleles, each with mostly small effect. In recent years, multiple methods have sought to detect selection on polygenic traits by evaluating whether shifts in the frequency of trait-associated alleles are correlated with the signed effects of the alleles estimated by genome-wide association studies (GWAS) ([@bib40]; [@bib5]; [@bib23]; [@bib34]; [@bib3]; [@bib33]; [@bib15]).

Here we focus on a series of recent studies---some involving co-authors of the present manuscript---that have reported evidence of polygenic adaptation at alleles associated with height in Europeans. One set of studies observed that height-increasing alleles are systematically elevated in frequency in northern compared to southern European populations, a result that has subsequently been extended to ancient DNA ([@bib40]; [@bib5]; [@bib23]; [@bib34]; [@bib3]; [@bib33]; [@bib15]; [@bib36]). Another study using a very different methodology (singleton density scores, SDS) found that height-increasing alleles have systematically more recent coalescence times in the United Kingdom (UK) consistent with selection for increased height in the last few thousand years ([@bib11]). In the present work, we assess polygenic adaptation on human height as a particular case of the effects that uncorrected population structure in GWAS can have on studies of complex traits.

Most of these previous studies have been based on SNP associations and effect sizes (summary statistics) reported by the GIANT Consortium, which most recently combined 79 individual GWAS through meta-analysis, including a total of 253,288 individuals ([@bib19]; [@bib42]). Here, we show that the selection effects described in these studies are severely attenuated and in some cases no longer significant when using summary statistics derived from the UK Biobank, an independent and larger study that includes 336,474 genetically unrelated individuals who derive their recent ancestry almost entirely from the British Isles (identified as 'white British ancestry' by the UK Biobank) ([Supplementary file 1](#supp1){ref-type="supplementary-material"}). The UK Biobank analysis is based on a single cohort drawn from a relatively homogeneous population enabling better control of population stratification. Both datasets have high concordance even for low P value SNPs which do not reach genome-wide significance ([Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}; genetic correlation between the two height studies is 0.94 \[se = 0.0078\]). Despite this concordance, we observe that small but systematic biases lead to the two datasets yielding qualitatively different conclusions with respect to signals of polygenic adaptation.

Results {#s2}
=======

Discrepancies in GWAS: population-level differences in height {#s2-1}
-------------------------------------------------------------

To study population level differences among ancient and present-day European samples, we began by estimating 'polygenic height scores' as sums of allele frequencies at independent SNPs weighted by their effect sizes from GIANT. We used a set of different significance thresholds and strategies to correct for linkage disequilibrium as employed by previous studies, and replicated their signals for significant differences in genetic height across populations ([@bib40]; [@bib5]; [@bib23]; [@bib34]; [@bib3]; [@bib33]; [@bib15]; [@bib36]) ([Figure 1a](#fig1){ref-type="fig"}, [Figure 1---figure supplement 2](#fig1s2){ref-type="fig"}). We then repeated the analysis using summary statistics from a GWAS for height in the UK Biobank restricting to individuals of British Isles ancestry (hereafter referred to as the 'white British\' (WB) subset) and correcting for population stratification based on the first ten principal components (UK Biobank \[UKB\]; also referred to as 'UKB Neale' in the supplementary figures) ([@bib10]). This analysis resulted in a dramatic attenuation of differences in polygenic height scores ([Figure 1a](#fig1){ref-type="fig"}, [Figure 1---figure supplements 2](#fig1s2){ref-type="fig"}--[4](#fig1s4){ref-type="fig"}). The differences between ancient European populations also greatly attenuated ([Figure 1a](#fig1){ref-type="fig"}, [Figure 1---figure supplement 5](#fig1s5){ref-type="fig"}). Strikingly, the ordering of the scores for populations also changed depending on which GWAS was used to estimate genetic height both within Europe ([Figure 1a](#fig1){ref-type="fig"}, [Figure 1---figure supplements 2](#fig1s2){ref-type="fig"}--[5](#fig1s5){ref-type="fig"}) and globally ([Figure 1---figure supplement 6](#fig1s6){ref-type="fig"}), consistent with reports from a recent simulation study ([@bib22]). The height scores were qualitatively similar only when we restricted to independent genome-wide significant SNPs in GIANT and the UK Biobank (p\<5×10^−8^) ([Figure 1---figure supplement 2b](#fig1s2){ref-type="fig"}). This replicates the originally reported significant north-south difference in the allele frequency of the height-increasing allele ([@bib40]) or in genetic height ([@bib5]) across Europe, as well as the finding of greater genetic height in ancient European steppe pastoralists than in ancient European farmers ([@bib23]), although the signals are attenuated even here. Our observations suggest that tests of polygenic adaptation based on genome-wide significant SNPs are relatively consistent across different GWAS ([Figure 1---figure supplement 2b](#fig1s2){ref-type="fig"}) and that our concern is primarily directed towards the use of sub-significant SNPs in polygenic scores ([Figure 1a](#fig1){ref-type="fig"}, [Figure 1---figure supplement 2a](#fig1s2){ref-type="fig"}).

![Polygenic height scores and tSDS scores based on GIANT and UK Biobank GWAS.\
(**a**) Polygenic scores in present-day and ancient European populations are shown, centered by the average score across populations and standardized by the square root of the additive variance. Independent SNPs for the polygenic score from both GIANT (*red*) and the UK Biobank \[UKB\] (*blue*) were selected by picking the SNP with the lowest P value in each of 1700 independent LD blocks similarly to refs. ([@bib3]; [@bib33]) (see Materials and methods). Present-day populations are shown from Northern Europe (CEU, GBR) and Southern Europe (IBS, TSI) from the 1000 genomes project; Ancient populations are shown in three meta-populations (HG = Hunter Gatherer (n = 162 individuals), EF = Early Farmer (n = 485 individuals), and SP = Steppe Ancestry (n = 465 individuals)) (see [Supplementary file 2](#supp2){ref-type="supplementary-material"}). Error bars are drawn at 95% credible intervals. See [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"} for analyses of concordance of effect size estimates between GIANT and UKB. See [Figure 1---figure supplements 2](#fig1s2){ref-type="fig"}--[6](#fig1s6){ref-type="fig"} for polygenic height scores computed using other linkage disequilibrium pruning procedures, significance thresholds, summary statistics and populations. (**b**) tSDS for height-increasing allele in GIANT (left) and UK Biobank (right). The tSDS method was applied using pre-computed Singleton Density Scores for 4,451,435 autosomal SNPs obtained from 3195 individuals from the UK10K project ([@bib11]; [@bib12]) for SNPs associated with height in GIANT and the UK Biobank. SNPs were ordered by GWAS P value and grouped into bins of 1000 SNPs each. The mean tSDS score within each P value bin is shown on the y-axis. The Spearman correlation coefficient between the tSDS scores and GWAS P values, as well as the correlation standard errors and P values, were computed on the un-binned data. The gray line indicates the null-expectation, and the colored lines are the linear regression fit. The correlation is significant for GIANT (Spearman r = 0.078, p=1.55×10^−65^) but not for UK Biobank (Spearman r = −0.009, p=0.077). See [Figure 1---source data 1](#fig1sdata1){ref-type="supplementary-material"} for figure data.\
10.7554/eLife.39702.009Figure 1---source data 1.Polygenic height scores and tSDS scores based on GIANT and UK Biobank GWAS.](elife-39702-fig1){#fig1}

Discrepancies in GWAS: height evolution within a single population {#s2-2}
------------------------------------------------------------------

Next, we assessed if an independent measure, the 'singleton density score (SDS)\', which uses a coalescent approach to infer adaptation within a population, is equally as susceptible to biases in GWAS ([@bib11]; [@bib12]). SDS can be combined with GWAS effect size estimates to infer polygenic adaptation on complex traits (generating a 'tSDS score' by aligning the SDS sign to the trait-increasing allele). A tSDS score larger than zero for height-increasing alleles implies that these alleles have been increasing in frequency in a population over time due to natural selection. We replicate the original finding that SDS scores of the height-increasing allele computed in the UK population (using the UK10K dataset) increase with stronger association of the alleles to height as inferred by GIANT ([@bib11]) across the entire P value spectrum (Spearman's ρ = 0.078, p=1.55×10^−65^, [Figure 1b](#fig1){ref-type="fig"}). However, we observed that this signal of polygenic adaptation in the UK, measured using a Spearman correlation across all GWAS SNPs, disappeared when we used the UK Biobank height effect size estimates (ρ = 0.009, p=0.077, [Figure 1b](#fig1){ref-type="fig"}). These observations suggest that concerns about sub-significant SNPs should not only be directed towards population-level differences using polygenic scores but also to analyses of adaptation within a single population.

Population structure underlying discrepancies in GWAS {#s2-3}
-----------------------------------------------------

### Discrepancies between GIANT and UK biobank {#s2-3-1}

We propose that the qualitative difference between the polygenic adaptation signals in GIANT and the UK Biobank is due to the cumulative effect of subtle biases in each of the SNPs estimated in GIANT. This bias can arise due to incomplete control of the population structure in GWAS ([@bib27]). For example, if height were differentiated along a north-south axis because of differences in environment, any variant that is differentiated in frequency along the same axis would have an artificially large effect size estimated in the GWAS. Population structure is substantially less well controlled for in the GIANT study than in the UK Biobank study. This is both because the GIANT study population is more heterogeneous than that in the UK Biobank, and because population structure in the GIANT meta-analysis may not have been well controlled in some component cohorts due to their relatively small sizes (i.e., the ability to detect and correct population structure is dependent on sample size ([@bib28]; [@bib29]). The GIANT meta-analysis also found that such stratification effects worsen as SNPs below genome-wide significance are used to estimate height scores ([@bib42]), consistent with our finding that the differences in genetic height among populations increase when including these SNPs.

We obtained direct confirmation that population structure is more correlated with effect size estimates in GIANT than to those in the UK Biobank. [Figure 2a](#fig2){ref-type="fig"} shows that the effect sizes estimated in GIANT, in contrast to those in the UKB, are highly correlated with the SNP loadings of several principal components of population structure (PC loadings). We also find that the UK Biobank estimates including individuals of diverse ancestry and not correcting for population structure (UKB all no PCs) show the same stratification effects as GIANT ([Figure 2---figure supplements 1](#fig2s1){ref-type="fig"}--[3](#fig2s3){ref-type="fig"}). Further, in line with our intuition regarding the effects of residual stratification on GWAS effect size estimates, we find that alleles that are more common in the Great Britain population (1000 genomes GBR) than in the Tuscan population from Italy (1000 genomes TSI) tend to be preferentially estimated as height-increasing according to the GIANT study but not according to the UKB study ([Figure 2c](#fig2){ref-type="fig"}, [Figure 2---figure supplements 2](#fig2s2){ref-type="fig"}--[3](#fig2s3){ref-type="fig"}).

![Evidence of stratification in height summary statistics.\
Top row: Pearson Correlation coefficients of (a) PC loadings and height beta coefficients from GIANT and UKB, and (b) PC loadings and SDS (pre-computed in the UK10K) across all SNPs. PCs were computed in all 1000 genomes phase one samples ([@bib1]). Colors indicate the correlation of each PC loading with the allele frequency difference between GBR and TSI, a proxy for the European North-South genetic differentiation. PC 4 and 11 are most highly correlated with the GBR - TSI allele frequency difference. Confidence intervals and P values are based on Jackknife standard errors (1000 blocks). Open circles indicate correlations significant at alpha = 0.05, stars indicate correlations significant after Bonferroni correction in 20 PCs (p\<0.0025). Bottom row: Heat map after binning all SNPs by GBR and TSI minor allele frequency of (c) mean beta coefficients from GIANT and UKB, and (d) SDS scores for all SNPs. Only bins with at least 300 SNPs are shown. While the stratification effect in SDS is not unexpected, it can lead to false conclusions when applied to summary statistics that exhibit similar stratification effects. See [Figure 2---figure supplements 1](#fig2s1){ref-type="fig"}--[3](#fig2s3){ref-type="fig"} for analyses of stratification effects in different summary statistics, and [Supplementary file 3](#supp3){ref-type="supplementary-material"} for further description of stratification effects. UKB height betas exhibit stratification effects that are weaker, and in the opposite direction of the stratification effects in GIANT (see [Figure 2---figure supplement 4](#fig2s4){ref-type="fig"} for a possible explanation). See [Figure 2---source data 1](#fig2sdata1){ref-type="supplementary-material"} for figure data.\
10.7554/eLife.39702.015Figure 2---source data 1.Evidence of stratification in height summary statistics.](elife-39702-fig2){#fig2}

### Effect size estimates from previously published family-based height GWAS {#s2-3-2}

We analyzed previously released family-based effect size estimates based on an approach of [@bib34] (NG2015 sibs). Surprisingly, we found that while these summary statistics produced significant polygenic adaptation signals, they were also correlated with PC loadings as well as with GBR-TSI allele frequency differences ([Figure 2---figure supplements 1](#fig2s1){ref-type="fig"}--[3](#fig2s3){ref-type="fig"}). This suggests that these estimates are also affected by population structure despite being computed within families and, therefore, in principle, robust to structure. Our own family-based estimates in the UK Biobank (UKB sibs all, UKB sibs WB) appear unconfounded and do not produce significant adaptation signals across the spectrum of associated SNPs ([Figure 2---figure supplements 1](#fig2s1){ref-type="fig"}--[3](#fig2s3){ref-type="fig"}). The residual structure in the original NG2015 sibs dataset is likely to reflect a technical artifact (personal communication from Peter Visscher, and note on their website \[[@bib30]\]). Berg and colleagues ([@bib4]) show that the updated NG2015 sibs summary statistics (posted in the public domain \[[@bib30]\] in November 2018 during the revision of this manuscript) do not show significant signals of polygenic adaptation using either polygenic score differences in Europe or the tSDS metric in the UK.

### Population structure within the UK biobank {#s2-3-3}

We also note that the white British subset of the UKB data is not completely free of population stratification (as shown previously \[[@bib17]\]), although the magnitude of the potential confounding is much smaller than in the Continental European population ([Figure 2---figure supplements 1](#fig2s1){ref-type="fig"}--[2](#fig2s2){ref-type="fig"}). Interestingly, the north-south genetic cline in the UK tracks the height gradient in the opposite direction than in Continental Europe ([Figure 2---figure supplements 2](#fig2s2){ref-type="fig"} and [4](#fig2s4){ref-type="fig"}), and after correcting with principal components, we do not observe any evidence of residual stratification in comparison with the 1000 genomes data ([Figure 2a,c](#fig2){ref-type="fig"}). However, we cannot exclude the possibility of uncorrected population stratification, even in the UK Biobank, along axes not captured by the principal components of the 1000 genomes project data. For example, even for genome-wide significant SNPs ([Figure 1---figure supplement 2b](#fig1s2){ref-type="fig"}), polygenic scores for both modern and ancient individuals change when UKB summary statistics (WB ancestry controlling for 10 PCs) are used instead of GIANT. This shift, for example, for the ancient European hunter-gatherer polygenic score is troubling as different European populations are shown to have variable amounts of genetic ancestry from ancient 'hunter-gatherer' vs. 'early farmer' vs. 'steppe ancestry' populations ([@bib16]; [@bib13]), and could reflect residual stratification in the UKB GWAS not captured by the 1000 genomes PCs.

### Effects of population structure on within-population adaptation inference {#s2-3-4}

We proceeded to investigate the effects of uncontrolled population stratification in GWAS discussed above on a coalescent approach such as tSDS that relies on singleton density ([@bib11]). In principle, this approach is robust to the type of population stratification that affects the allele-frequency based tests. However, there is a north-south cline in singleton density in Europe due to lower genetic diversity in northern than in southern Europeans, leading to singleton density being lower in northern than in southern regions ([@bib37]). As a consequence, SDS tends to be higher (corresponding to fewer singletons) in alleles more common in GBR than in TSI ([Figure 2d](#fig2){ref-type="fig"}). This cline in singleton density coincidentally parallels the phenotypic cline in height and the major axis of genome-wide genetic variation. Therefore, when we perform the tSDS test using GIANT, we find a higher SDS around the inferred height-increasing alleles, which tend, due to the uncontrolled population stratification in GIANT, to be at high frequency in northern Europe ([Figure 2c](#fig2){ref-type="fig"}). This effect does not appear when we use UK Biobank summary statistics because of the much lower level of population stratification and more modest variation in height. We find that SDS is not only correlated with GBR-TSI allele frequency differences, but with several principal component loadings across all SNPs ([Figure 2b](#fig2){ref-type="fig"}), and that these SDS-PC correlations often coincide with correlations between GIANT-estimated effect sizes and PC loadings ([Figure 2a](#fig2){ref-type="fig"}). We further find that the tSDS signal which is observed across the whole range of P values in some GWAS summary statistics can be mimicked by replacing SDS with GBR-TSI allele frequency differences ([Figure 3a and c](#fig3){ref-type="fig"}, [Figure 3---figure supplements 1](#fig3s1){ref-type="fig"}--[4](#fig3s4){ref-type="fig"}), suggesting that the tSDS signal at non-significant SNPs may be driven in part by residual population stratification.

![Height tSDS results for different summary statistics.\
(**a**) Mean tSDS of the height increasing allele in each P value bin for six different summary statistics. The first two panels are computed analogously to Figure 4A and Figure S22 of [@bib11]. In contrast to those Figures and to [Figure 1b](#fig1){ref-type="fig"}, the displayed betas and P values correspond to the slope and P value of the linear regression across all un-binned SNPs (rather than the Spearman correlation coefficient and Jackknife P values). The y-axis has been truncated at 0.75, and does not show the top bin for UKB all no PCs, which has a mean tSDS of 1.5. (**b**) tSDS distribution of the height increasing allele in 506 LD-independent SNPs which are genome-wide significant in a UKB height GWAS, where the beta coefficient is taken from a within sibling analysis in the UKB. The gray curve represents the standard normal null distribution, and we observe a significant shift. (**c**) Allele frequency difference between GBR and TSI of the height increasing allele in each P value bin for six different summary statistics. Betas and P values correspond to the slope and P value of the linear regression across all un-binned SNPs. The lowest P value bin in UKB all no PCs with a y-axis value of 0.06 has been omitted. (**d**) Allele frequency difference between GBR and TSI of the height increasing allele in 329 LD-independent SNPs which are genome-wide significant in a UKB height GWAS and were intersected with our set of 1000 genomes SNPs. There is no significant difference in frequency in these two populations, suggesting that tSDS shift at the genome-wide significant SNPs is not driven by population stratification at least due to this particular axis. The patterns shown here suggest that the positive tSDS values across the whole range of P values is a consequence of residual stratification. At the same time, the increase in tSDS at genome-wide significant, LD-independent SNPs in (**b**) cannot be explained by GBR - TSI allele frequency differences as shown in (**d**). See [Figure 3---figure supplements 1](#fig3s1){ref-type="fig"}--[4](#fig3s4){ref-type="fig"} for other GWAS summary statistics for unpruned and LD-pruned SNPs. Binning SNPs by P value without LD-pruning can lead to unpredictable patterns at the low P value end, as the SNPs at the low P value end are less independent of each other than higher P value SNPs ([Figure 3---figure supplement 5](#fig3s5){ref-type="fig"}). See [Figure 3---source data 1](#fig3sdata1){ref-type="supplementary-material"} for figure data.\
10.7554/eLife.39702.022Figure 3---source data 1.Height tSDS results for different summary statistics.](elife-39702-fig3){#fig3}

A residual signal of polygenic adaptation on height? {#s2-4}
----------------------------------------------------

For polygenic adaptation within a population, a small but significant tSDS signal is observed in the UK when we restrict to genome-wide significant SNPs (p\<5×10^−8^). This effect persists when using UK Biobank family-based estimates (UKB sibs WB) for genome-wide significant SNPs ([Figure 3b](#fig3){ref-type="fig"}), and is not driven by allele frequency differences between GBR and TSI ([Figure 3d](#fig3){ref-type="fig"}), suggesting an attenuated signal of polygenic adaptation in the UK that is driven by a much smaller number of SNPs than previously thought. Indeed, under most genetic architectures, a tSDS signal which is driven by natural selection is not expected to lead to an almost linear increase over the whole P value range in a well-powered GWAS. Instead, we would expect to see a greater difference between highly significant SNPs and non-significant SNPs, similar to the pattern observed in the UK Biobank ([Figure 3a](#fig3){ref-type="fig"}).

For population-level differences in height, we assessed whether any remaining variation in height polygenic scores among populations is driven by polygenic adaptation by testing against a null model of genetic drift ([@bib5]). We re-computed polygenic height scores in the POPRES dataset to increase power for this analysis as it has larger sample sizes of northern and southern Europeans than the 1000 Genomes project ([@bib26]). We computed height scores using independent SNPs that are 1) genome-wide significant in the UK Biobank ('gw-sig', p\<5×10^−8^) and 2) sub-significantly associated with height ('sub-sig', p\<0.01) in different GWAS datasets. For each of these, we tested if population differences were significant due to an overall overdispersion (P~Qx~), and if they were significant along a north-south cline (P~lat~) ([Figure 4](#fig4){ref-type="fig"}, [Figure 4---figure supplements 1](#fig4s1){ref-type="fig"}--[2](#fig4s2){ref-type="fig"}). Both gw-sig and sub-sig SNP-based scores computed using GIANT effect sizes showed significant overdispersion of height scores overall and along a latitude cline, consistent with previous results ([Figure 4](#fig4){ref-type="fig"}, [Figure 4---figure supplements 1](#fig4s1){ref-type="fig"}--[2](#fig4s2){ref-type="fig"}). However, the signal attenuated dramatically between sub-sig (Q~x~ = 1100, P~Qx~ = 1×10^−220^) and gw-sig (Q~x~ = 48, P~Qx~ = 2×10^−4^) height scores. In comparison, scores that were computed using the UK Biobank (UKB) effect sizes showed substantially attenuated differences using both sub-sig (Q~x~ = 64, P~Qx~ = 5×10^−7^) and gw-sig (Q~x~ = 33, P~Qx~ = 0.02) SNPs, and a smaller difference between the two scores. This suggests that the attenuation of the signal in GIANT is not only driven by a loss of power when using fewer gw-sig SNPs, but also reflects a decrease in stratification effects. The overdispersion signal disappeared entirely when the UK Biobank family based effect sizes were used ([Figure 4](#fig4){ref-type="fig"}, [Figure 4---figure supplements 1](#fig4s1){ref-type="fig"}--[2](#fig4s2){ref-type="fig"}). Moreover, Q~x~ P values based on randomly ascertained SNPs and UK Biobank summary statistics are not uniformly distributed as would be expected if the theoretical null model is valid and if population structure is absent ([Figure 4---figure supplement 3](#fig4s3){ref-type="fig"}). The possibility of residual stratification effects even in the UK Biobank is also supported by a recent study ([@bib17]). Therefore, we remain cautious about interpreting any residual signals as 'real' signals of polygenic adaptation.

![Polygenic height scores in POPRES populations show a residual albeit attenuated signal of polygenic adaptation for height.\
Standardized polygenic height scores from four summary statistics for 19 POPRES populations with at least 10 samples per population, ordered by latitude (see [Supplementary file 4](#supp4){ref-type="supplementary-material"}). The grey line is the linear regression fit to the mean polygenic scores per population. Error bars represent 95% confidence intervals and are calculated in the same way as in [Figure 1](#fig1){ref-type="fig"}. SNPs which were overlapping between each set of the summary statistics and the POPRES SNPs were clumped using PLINK 1.9 with parameters r\^2 \< 0.1, 1 Mb distance, p\<1. (Top) A number of independent SNPs was chosen for each summary statistic to match the number of SNPs which remained when clumping UKB at p\<0.01. (Bottom) A set of independent SNPs with p\<5×10^−8^ in the UK Biobank was selected and used to compute polygenic scores along with effect size estimates from each of the different summary statistics. The numbers on each plot show the Q~x~ P value and the latitude covariance P value respectively for each summary statistic. See [Figure 4---figure supplements 1](#fig4s1){ref-type="fig"}--[4](#fig4s4){ref-type="fig"} for other clumping strategies and GWAS summary statistics. See [Figure 4---source data 1](#fig4sdata1){ref-type="supplementary-material"} for figure data.\
10.7554/eLife.39702.028Figure 4---source data 1.Polygenic height scores in POPRES populations show a residual albeit attenuated signal of polygenic adaptation for height.This reference was updated from its bioRxiv version to its now published version.](elife-39702-fig4){#fig4}

Discussion {#s3}
==========

We have shown, by conducting a detailed analysis of human height, that estimates of population differences in polygenic scores are reduced when using the UK Biobank GWAS data relative to claims of previous studies that used GWAS meta-analyses such as GIANT. We find some evidence for population-level differences in genetic height, but it can only be robustly seen at highly significant SNPs, because any signal at less significant P values is dominated by the effect of residual population stratification. Even genome-wide significant SNPs in these analyses may be subtly affected by population structure, leading to continued overestimation of the effect. Thus, it is difficult to arrive at any quantitative conclusion regarding the proportion of the population differences that are due to statistical biases vs. population stratification of genetic height. Further, estimates of the number of independent genetic loci contributing to complex trait variation are sensitive to and likely confounded by residual population stratification.

We conclude that while effect estimates are highly concordant between GIANT and the UK Biobank when measured individually ([Supplementary file 5](#supp5){ref-type="supplementary-material"}--[7](#supp7){ref-type="supplementary-material"}, [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}), they are also influenced by residual population stratification that can mislead comparisons of complex traits across populations and inferences about polygenic adaptation. Although these biases are subtle, in the context of tests for polygenic adaptation, which are driven by small systematic shifts in allele frequency, they can create highly significant artificial signals especially when SNPs that are not genome-wide significant are used to estimate genetic height. Our results do not question the reliability of the genome-wide significant associations discovered in the GIANT cohort. However, we urge caution in the interpretation of signals of polygenic adaptation or between-population differences that are based on large number of sub-significant SNPs--particularly when using effect sizes derived from meta-analysis of heterogeneous cohorts which may be unable to fully control for population structure.

Our results have implications in other areas of human genetics research. For example, there is growing interest in polygenic scores that predict complex phenotypes from the aggregate effects of all allelic variants ([@bib43]; [@bib31]; [@bib41]; [@bib9]). The observation that individuals with extreme values of polygenic scores exhibit many-fold elevated risk of common diseases raises hopes for their potential clinical utility ([@bib14]; [@bib18]), and use for sociogenomics applications ([@bib20]; [@bib35]; [@bib25]). It is already clear that polygenic scores derived from European populations do not translate across populations on a global scale ([@bib22]). Our analysis further suggests that subtle population structure, especially in GWAS that are meta-analyses of independent cohorts, could be an additional source of error in polygenic scores and affect their applicability even within populations. We also note that other factors such as gene by environment interactions can be an alternative confounding factor for GWAS effect sizes and polygenic scores.

Materials and methods {#s4}
=====================

Genome-wide association studies (GWAS) {#s4-1}
--------------------------------------

We analyzed height using publicly available summary statistics that were obtained either by meta-analysis of multiple GWAS or by a GWAS performed on a single large population. We used results from the GIANT Consortium (N = 253,288) ([@bib42]) and a GWAS performed on individuals of the UK Biobank ('UKB Neale' or simply 'UK Biobank (UKB)\', N = 336,474) ([@bib10]) who derive their ancestry almost entirely from the British Isles (identified as 'white British ancestry (WB)' by the UK Biobank). The Neale lab's GWAS uses a linear model with sex and 10 principal components as covariates. We also used an independent GWAS that included all UK Biobank European samples, allowing related individuals as well as population structure ('UKB Loh', N = 459,327) ([@bib21]). Loh *et al.*'s GWAS uses a BOLT-LMM Bayesian mixed model ([@bib21]). Association signals from the three studies are generally correlated for SNPs that are genome-wide significant in GIANT (see [@bib45]).

We also used previously published family-based effect size estimates ([@bib34]) ('NG2015 sibs') as well as a number of test summary statistics on the UK Biobank that we generated to study the effects of population stratification. These are: 'UKB Neale new' (Similar to UKB Neale, with less stringent ancestry definition and 20 PCs calculated within sample), 'UKB all no PCs' (All UK Biobank samples included in the GWAS without correction by principal components), 'UKB all 10 PCs' (All UK Biobank samples included in the GWAS with correction by 10 principal components), 'UK WB no PCs' (Only 'white British ancestry' samples included in the GWAS without correction by principal components), 'UKB WB 10 PCs' (Only 'white British ancestry' samples included in the GWAS with correction by 10 principal components), 'UKB sibs all' (All UK Biobank siblings included in the GWAS), 'UKB sibs WB' (Only UK Biobank 'white British ancestry' siblings included in the GWAS) (Please see [Supplementary file 1](#supp1){ref-type="supplementary-material"} for sample sizes and other details).

Population genetic data for ancient and modern samples {#s4-2}
------------------------------------------------------

We analyzed ancient and modern populations for which genotype data are publicly available. For ancient samples ([@bib16]; [@bib24]), we computed scores after dividing populations into three previously described broad ancestry labels (HG = Hunter Gatherer (n = 162 individuals), EF = Early Farmer (n = 485 individuals), and SP = Steppe Ancestry (n = 465 individuals)). For modern samples available through the 1000 genomes phase three release ([@bib2]), we computed scores in two populations each from Northern Europe (GBR, CEU), Southern Europe (IBS, TSI), Africa (YRI, LWK), South Asia (PJL, BEB) and East Asia (CHB, JPT) ([Figure 1a](#fig1){ref-type="fig"}). In total, we analyzed 1112 ancient individuals, and 1005 modern individuals from 10 different populations in the 1000 genomes project ([Supplementary file 2](#supp2){ref-type="supplementary-material"}). We used the allele frequency differences between the GBR and TSI populations for a number of analyses to study population stratification ([Figures 2](#fig2){ref-type="fig"}--[3](#fig3){ref-type="fig"}). We also analyzed 19 European populations from the POPRES ([@bib26]) dataset with at least 10 samples per population ([Figure 4---figure supplement 4](#fig4s4){ref-type="fig"}).

All ancient samples had 'pseudo-haploid' genotype calls at 1240k sites generated by selecting a single sequence randomly for each individual at each SNP ([@bib24]). Thus, there is only a single allele from each individual at each site, but adjacent alleles might come from either of the two haplotypes of the individual. We also re-computed scores in present-day 1000 genomes individuals using only pseudo-haploid calls at 1240 k sites to allow for a fair comparison between ancient and modern samples ([Figure 1---figure supplement 6](#fig1s6){ref-type="fig"}).

Polygenic scores {#s4-3}
----------------

The polygenic scores, confidence intervals and test statistics (against the null model of genetic drift) were computed based on the methodology developed in references [@bib5] and [@bib3]. We computed the polygenic score (Z) for a trait in a population by taking the sum of allele frequencies in that population across all L sites associated with the trait, weighting each allele's frequency ($p_{l}$) by its effect on the trait ($\beta_{l}$).$$Z = {\sum\limits_{l}^{L}{\beta_{l}p_{l}}}$$

Al polygenic scores are plotted in centered standardized form ($\frac{Z - \mu}{\sqrt{V_{A}}}$),

where $\mu = {\sum_{l}\beta_{l}}\overset{-}{p_{l}}$, $V_{A} = {\sum_{l}\beta_{l}^{2}}\overset{-}{p_{l}}\left( 1 - \overset{-}{p_{l}} \right)$, and $\overset{-}{p_{l}}$ is the mean allele frequency across all populations analyzed. Source code repositories for the polygenic score analysis and computing scripts and source data for all the main figures have been made available at <https://github.com/msohail88/polygenic_selection> ([@bib38]; copy archived at <https://github.com/elifesciences-publications/polygenic_selection>) and <https://github.com/uqrmaie1/sohail_maier_2019> ([@bib39]; copy archived at <https://github.com/elifesciences-publications/sohail_maier_2019>).

Polygenic scores were computed using independent GWAS SNPs associated with height in three main ways: (1) The genome was divided into \~1700 non-overlapping linkage disequilibrium (LD) blocks (using the approximately independent linkage disequilibrium blocks in the EUR population computed in [@bib6]), and the SNP with the lowest P value within each block was picked to give a set of \~1700 independent SNPs for each height GWAS used (all SNPs for which effect sizes are available were considered) similar to the analysis in [@bib3]. In (2) and (3), Plink's ([@bib8]; [@bib32]) clumping procedure was used to make independent 'clumps' of SNPs for each GWAS at different P value thresholds. This procedure selects SNPs below a given P value threshold as index SNPs to start clumps around, and then reduces all SNPs below a given P value threshold that are in LD with these index SNPs (above an r^2^ threshold, 0.1) and within a physical distance of them (1 Mb) into clumps with them. Clumps are preferentially formed around index SNPs with the lowest P value in a greedy manner. The index SNP from each clump is then picked for further polygenic score analyses. The algorithm is also greedy such that each SNP will only appear in one clump if at all. We clumped each GWAS to obtain (2) a set of independent sub-significant SNPs associated with height (p\<0.01) similarly to [@bib34], and (3) a set of independent genome-wide significant SNPs associated with height (p\<5×10^−8^). The 1000 genomes phase three dataset was used as the reference panel for computing LD for the clumping procedure.

The estimated effect sizes for these three sets of SNPs from each GWAS was used to compute scores. Only autosomal SNPs were used for all analyses to avoid creating artificial mean differences between populations with different numbers of males and females.

The 95% credible intervals were constructed by assuming that the posterior of the underlying population allele frequency is independent across loci and populations and follows a beta distribution. We updated a Uniform prior distribution with allele counts from ancient and modern populations to obtain the posterior distribution at each locus in each population. We estimated the variance of the polygenic score $V_{Z}$ using the variance of the posterior distribution at each locus, and computed the width of 95% credible intervals as $1.96\sqrt{V_{Z}}$ for each population.

The Q~x~ test statistic measures the degree of overdispersion of the mean population polygenic score compared to a null model of genetic drift. It assumes that the vector of mean centered mean population polygenic score follows a multivariate normal distribution: Z \~ MVN(0, 2 V~A~ F), where V~A~ is the additive genetic variance of the ancestral population and F is a square matrix describing the population structure. This is equivalent to the univariate case of the test statistic used in [@bib34]. The latitude test statistic assumes that Y'Z \~ N(0, 2 V~A~ Y'FY), where Y is a mean centered vector of latitudes for each population ([@bib4]).

tSDS analysis {#s4-4}
-------------

The Singleton Density Score (SDS) method identifies signatures of recent positive selection based on a maximum likelihood estimate of the log-ratio of the mean tip-branch length of the derived vs. the ancestral allele at a given SNP. The tip-branch lengths are inferred from the average distance of each allele to the nearest singleton SNP across all individuals in a sequencing panel. When the sign of the SDS scores is aligned with the trait-increasing or trait-decreasing allele in the effect estimates of a GWAS, the Spearman correlation between the resulting tSDS scores and the GWAS P values has been proposed as an estimate of recent positive selection on polygenic traits.

Here, we applied the tSDS method using pre-computed Singleton Density Scores for 4,451,435 autosomal SNPs obtained from 3195 individuals from the UK10K project ([@bib11]; [@bib12]) for SNPs associated with height in GIANT and the UK biobank ([Figure 1b](#fig1){ref-type="fig"}) and in different summary statistics ([Figure 3](#fig3){ref-type="fig"}). After normalizing SDS scores in each 1% allele frequency bin to mean zero and unit variance, excluding SNPs from the MHC region on chromosome six and aligning the sign of the SDS scores to the height increasing alleles (resulting in tSDS scores), we computed the Spearman correlation coefficient between the tSDS score and the GWAS P value. The tSDS Spearman correlation standard errors and P values were computed using a block-jackknife approach, where each block of 1% of all SNPs ordered by genomic location was left out and the Spearman correlation coefficient was computed on the remaining SNPs. We also compared the tSDS score distributions for only genome-wide significant SNPs ([Figure 3b](#fig3){ref-type="fig"}).

Population structure analysis {#s4-5}
-----------------------------

To compute SNP loadings of the principal components of population structure (PC loadings) in the 1000 genomes data ([Figure 2](#fig2){ref-type="fig"}), we first computed PC scores for each individual. We used SNPs that had matching alleles in 1000 genomes, GIANT and UK Biobank, that had minor allele frequency \>5% in 1000 genomes, and that were not located in the MHC locus, the chromosome eight inversion region, or regions of long LD. After LD pruning to SNPs with r^2^ \<0.2 relative to each other, PCA was performed in PLINK on the 187,160 remaining SNPs. In order to get SNP PC loadings for more SNPs than those that were used to compute PC scores, we performed linear regressions of the PC scores on the genotype allele count of each SNP (after controlling for sex) and used the resulting regression coefficients as the SNP PC loading estimates. The 1000 genomes phase one dataset ([@bib1]) was used to compute the PC loadings.
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###### LD Score regression estimates for 11 different summary statistics.

LD score regression can be used to detect residual stratification effects in summary statistics, and so we tested whether LDSC confirms our hypothesis of residual stratification. We detect a greatly inflated intercept estimate of 9.42 in UKB all no PCs, but only a moderately increased intercept value in GIANT and an intercept less than one in NG2015 sibs. The relatively small GIANT intercept can be explained by cohort-wise lambda-GC correction, while the low intercept in NG2015 sibs is possibly caused by the adaptive permutation procedure which does not compute precise p-values for non-significant associations. In both cases LDSC cannot be expected to pick up stratification effects, since the generation of summary statistics is not in line with the LDSC model.
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###### Correlation of beta estimates at 2251 shared SNPs which are significant in the UK Biobank.
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Data availability {#s7}
=================

All newly generated UK Biobank height GWAS summary statistics have been made available at <http://dx.doi.org/10.5061/dryad.8g5g6j4>. Results from the GIANT Consortium (GWAS Anthropometric 2014 Height) were downloaded from <https://portals.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_data_files#GWAS_Anthropometric_2014_Height>. GWAS results from the UK Biobank (\"UKB\" or \"UKB Neale\") were downloaded from <http://www.nealelab.is/uk-biobank>. The previously published family-based effect size estimates (\"NG2015 sibs\") can be accessed here <http://cnsgenomics.com/data/robinson_et_al_2015_ng/withinfam_summary_ht_bmi_release_March2016.tar.gz>. The independent mixed model association analysis that included all UK Biobank individuals of European ancestry (\"UKB Loh\") was downloaded from <https://data.broadinstitute.org/alkesgroup/UKBB/body_HEIGHTz.sumstats.gz>. Approximately independent linkage disequilibrium blocks in human populations were downloaded for the EUR population from <https://bitbucket.org/nygcresearch/ldetect-data/overview>. Source code repositories for the polygenic score analysis in this manuscript and computing scripts and source data for all the main figures have been made available at <https://github.com/msohail88/polygenic_selection> and <https://github.com/uqrmaie1/sohail_maier_2019> (copies archived at <https://github.com/elifesciences-publications/polygenic_selection> and <https://github.com/elifesciences-publications/sohail_maier_2019>, respectively).

The following dataset was generated:

SohailMMaierRMGannaA2018Data from: Polygenic adaptation on height is overestimated due to uncorrected stratification in genome-wide association studiesDryad Digital Repository10.5061/dryad.8g5g6j4

10.7554/eLife.39702.041

Decision letter

Nordborg

Magnus

Reviewing Editor

Austrian Academy of Sciences

Austria

Nordborg

Magnus

Reviewer

Austrian Academy of Sciences

Austria

Barton

Nicholas H

Reviewer

Institute of Science and Technology Austria

Austria

Hermisson

Joachim

Reviewer

University of Vienna

Austria

In the interests of transparency, eLife includes the editorial decision letter, peer reviews, and accompanying author responses.

\[**Editorial note:** This article has been through an editorial process in which the authors decide how to respond to the issues raised during peer review. The Reviewing Editor\'s assessment is that all the issues have been addressed.\]

Thank you for submitting your article \"Signals of polygenic adaptation on height have been overestimated due to uncorrected population structure in genome-wide association studies\" for consideration by *eLife*. Your article has been reviewed by three peer reviewers, including Magnus Nordberg as the Reviewing Editor and Reviewer \#1, and the evaluation has been overseen by Mark McCarthy as the Senior Editor. The following individuals involved in review of your submission have also agreed to reveal their identity: Nicholas H Barton (Reviewer \#2); Joachim Hermisson (Reviewer \#3).

The Reviewing Editor has summarized the major concerns shared by all reviewers, and we have also included the separate reviews below for your consideration.

If you have any questions, please do not hesitate to contact us.

Summary:

This is one of two papers demonstrating that published signals of selection on human height cannot be replicated in the recently released UK Biobank data, apparently because these signals were caused by confounding population structure that is absent in UK Biobank data.

Major concerns:

We were struck by how both papers focus on spurious signals of selection rather than the underlying cause, which is that the GWAS effect-size estimates are confounded. The former is a somewhat esoteric question, but the latter may have enormous implications for much of human genetics, and these papers are likely to be heavily cited because of this. However, the papers seem to go out of their way to avoid discussing this topic. Of course we are not the authors, but, for the record, it looks odd.

Furthermore, the papers seem to suggest that confounding is not present in the UK Biobank data, but isn\'t it more likely that the magnitude is simply smaller?

Both papers also present evidence that a sib-based study by Robinson et al., 2015, that was meant to eliminate confounding did no such thing. This is disturbing, and while we understand that identifying the reason may be beyond the present papers, the general implications should again probably be discussed.

Finally, this paper often seems stream-of-consciousness: it lacks detailed explanations as well as a coherent outline, making it very difficult to follow unless you are a specialist in the field. We urge the authors to explain better for a general audience.

Separate reviews (please respond to each point):

*Reviewer \#1:*

This one of at least two papers appearing simultaneously and reaching exactly the same conclusion. It is well written.

The only thing that surprises me about this paper is that it, as well as the other one I have seen, focuses on the relatively obscure issue of whether height has been under selection, tiptoeing around the much bigger issue (the elephant in the room) that the reason the claims for selection do not stand is that the GWAS estimates of effect sizes are biased because of population structure. It is not just the selection signals that do not replicate, but the polygenic scores. I\'m not surprised, but, as you know, there are probably at least a hundred papers out there that are based on the infallibility of LD score regression and genomic prediction. I understand the need for caution before attacking this edifice, but I nonetheless think some clarification is unavoidable.

*Reviewer \#2:*

This paper identifies a discrepancy between signs of selection estimated from UK Biobank data, compared with previous studies, and suggest that those earlier signals were caused by subtle stratification in the data. This is a useful contribution to an important question. I have only minor comments (below), but overall, urge the authors to try to rewrite the text to make it more accessible to those not immersed in the field. I find it hard to make specific suggestions, but it comes across as a list of statistical tests, without enough flow to carry the reader along with the argument. Admittedly, given the quite intricate arguments, this is not easy to do.

Minor Comments:

Why should one believe that using the first 15 PC corrects for stratification? Even this is somehow traditional in the field, it needs explanation, since the failure of the correction is the key point of the paper.

Figure 1B: -- The x axis needs to be labelled. More important, Spearman\'s correlation seems far too small, given that by eye, the points follow the linear regression rather well. This may be related to the large values seen at the right of each figure, fitting a single regression is clearly inappropriate. There needs to be a test which separates these two sets of points in some way: as it stands the significance test is just not appropriate.

Figure 3: -- b in the figure should be β. Also, there is a paragraph break before \"The patterns\" which makes it hard to work out what is main text and what is caption.

Figure 4: -- I do not understand what the \"six summary statistics\" are here.

Discussion section: -- The concluding paragraph seems too weak, especially the sentence \"In no way..\". Surely the point of the paper is to \"question the statistical methodology.... in polygenic tyests for adaptation\", since that methodology seems to give spurious results? It is also not at all clear how much the stratification implied here influences effect size estimates in GWAS.

Paragraph five of subsection "Polygenic scores": Does the distribution in fact follow a β?

*Reviewer \#3:*

Both manuscripts by Berg et al. and Sohail et al. present thorough and insightful analyses with highly relevant results for current and future GWAS studies. Even prior to publication, the manuscripts have considerable impact. They will be widely read and cited. I do not think that further analyses are needed, with the potential exception of the third point below. All other points concern the discussion, in particular the guidance for further research that will surely emerge from these studies.

How safe are results based on the UK Biobank data?

This refers to the weak signals reported (with much caution) in the present studies, but also to potential future results on other traits. You recommend using data \"such as UKB\" and we will certainly see many more studies based on this resource. I would therefore appreciate a more specific discussion of risks connected to this particular data set.

1\) Stratification even within the UKB-GB data: It is well known that height and socioeconomic status are correlated in modern societies (e.g. BMJ 2016; 352:i582), and social status correlates with descent. In the UK, both factors are also geographically stratified, with people living in the north of the country having lower socioeconomic status and shorter stature, on average, than those in the south. Furthermore, the percentage of Anglo-Saxon admixture varies across the UK. How could these factors influence results based on UKB data, both here and otherwise?

2\) Potential influence of GxE interactions: The manuscripts focus (for good reason) on issues connected with stratification. However, if polygenic scores depend on the environment (e.g., due to countergradient variation), GxE interactions are an alternative confounding factor. Importantly, use of a homogeneous detection panel (to avoid stratification), such as UKB-GB, could increase these effects. Maybe this should be briefly discussed in the context of the present results and mentioned as a necessary caveat also for future studies that use detection panels from narrow geographic regions.

What, exactly, causes the problems with the previous data?

3\) There seem to be two relevant differences of the GIANT data relative to UKB: 1) UKB is much more homogeneous and 2) GIANT is a meta-study, collecting summary statistics from many sources that are individually corrected for stratification. One would like to know better which factor is decisive. This could be further addressed by combining summaries from sub-samples of the \"UKB-all\" data in an artificial meta-study.

4\) The Robinson et al., 2015 GWAS: Sib-based studies are done to avoid / minimize stratification effects and the Robinson 2015 data have been used as a proof of robustness in several previous studies. The fact that you find clear signs of stratification is sobering and one would like to know what has gone wrong. You may not currently have any explanation and this is fair enough. However, the discussion should be clearer and say upfront that results based on these data cannot be trusted until we understand the issues.

Minor Comments:

a\) You use 11 different summary statistics, with partly inconsistent naming strategy. I had to look up names in the methods part a number of times. I think this can be improved. Maybe even use the same names as Berg et al. where the summaries are identical.

b\) The switch from 1000 genomes to POPRES complicates comparison between figures. If there are advantages of POPRES, why not use it throughout? This holds, in particular, for the test of the latitudinal slope, which would be more convincing with many populations rather than just 4 from the 1000 genomes data.

c\) Figure 4: \"The overdispersion signal disappeared entirely when the UK Biobank family based effect sizes were used\": Is this due to the smaller sample size of the sib data or due to residual stratification issues in UKB? This could be tested using a sub-sample from UKB of the same size as the sib data.

d\) Figure 3 legend: \"suggesting that tSDS shift at the gw-significant SNPs is not driven by population stratification\": only true for stratification due to this particular axis.

Additional data files and statistical comments:

All necessary information is provided and the UKB sib data is on Dryad. I think the other newly generated GWAS data should go there, too.

10.7554/eLife.39702.042

Author response

> Major concerns:
>
> We were struck by how both papers focus on spurious signals of selection rather than the underlying cause, which is that the GWAS effect-size estimates are confounded. The former is a somewhat esoteric question, but the latter may have enormous implications for much of human genetics, and these papers are likely to be heavily cited because of this. However, the papers seem to go out of their way to avoid discussing this topic. Of course we are not the authors, but, for the record, it looks odd.

We agree that our analysis raises broader issues beyond detection of polygenic adaptation. However, we do not find that our results question the whole GWAS enterprise. Almost all genome-wide significant signals identified by the GIANT consortium replicate in the UK Biobank. Overall, there is a high correlation between the effect size estimates between the two studies. However, certain aspects of current human genetics research outside evolutionary biology are obviously affected. The prime example is the transferability of polygenic risk scores between populations. We added a detailed discussion of this in the revised manuscript.

> Furthermore, the papers seem to suggest that confounding is not present in the UK Biobank data, but isn\'t it more likely that the magnitude is simply smaller?

The revised version of the manuscript discusses the confounding in the UK biobank data. We clearly demonstrate that uncorrected summary statistics of the UK Biobank GWAS show signals of stratification even if the analysis is restricted to White British individuals. Interestingly, in the UK the north-south genetic cline tracks the height gradient in the opposite direction than in Continental Europe. Obviously, the magnitude of the confounding is much smaller. When principal components are included in the UK Biobank GWAS, we do not find any evidence of residual stratification when testing for a correlation between effect size estimates and twenty 1000 genomes principal components (Figure 2). However, this does not preclude the possibility of residual stratification along axes that are not captured by these principal components.

> Both papers also present evidence that a sib-based study by Robinson et al., 2015, that was meant to eliminate confounding did no such thing. This is disturbing, and while we understand that identifying the reason may be beyond the present papers, the general implications should again probably be discussed.

In the revised manuscript, we clarify that we agree with the conceptual approach of Robinson et al. but that the discrepancy is likely to be due to a technical error in the computations of Robinson et al. We have in fact now confirmed this through correspondence with the authors of Robinson et al., and they are currently preparing a manuscript revisiting these analyses and correcting the technical issues. We emphasize that family-based effect size estimates computed in the UK Biobank following the Robinson et al. methodology behave as expected.

> Finally, this paper often seems stream-of-consciousness: it lacks detailed explanations as well as a coherent outline, making it very difficult to follow unless you are a specialist in the field. We urge the authors to explain better for a general audience.

We edited the text making it more accessible.

> Separate reviews (please respond to each point):

Reviewer \#1:

> This one of at least two papers appearing simultaneously and reaching exactly the same conclusion. It is well written.
>
> The only thing that surprises me about this paper is that it, as well as the other one I have seen, focuses on the relatively obscure issue of whether height has been under selection, tiptoeing around the much bigger issue (the elephant in the room) that the reason the claims for selection do not stand is that the GWAS estimates of effect sizes are biased because of population structure. It is not just the selection signals that do not replicate, but the polygenic scores. I\'m not surprised, but, as you know, there are probably at least a hundred papers out there that are based on the infallibility of LD score regression and genomic prediction. I understand the need for caution before attacking this edifice, but I nonetheless think some clarification is unavoidable.

As noted above, we added a discussion on the potential impact of our findings on the debate about the transferability of polygenic scores between populations. In this work we have focused on the effects of residual population stratification on tests of selection because they appear to be particularly sensitive. While we cannot exclude the possibility that some other methods are also sensitive to residual stratification, neither our analyses nor previous publications provide evidence that this is a widespread problem for other applications of GWAS data, even though our results certainly do highlight the importance of revisiting the importance of population stratification in all analyses of polygenic predictors. As for polygenic scores, it has been demonstrated previously that results can be unreliable when predicting across populations (Martin et al., 2017). The fact that polygenic scores from the UK Biobank tend to have a higher out of sample prediction accuracy than polygenic scores from GIANT is just one of many pieces of evidence showing that polygenic scores do not just pick up residual stratification, but rather a signal from the trait of interest.

Generally, any method that uses genetic data from multiple populations is prone to be susceptible to bias from residual stratification. However, our SDS results show that even methods which do not use data from distinct populations can be affected by residual stratification. In the case of SDS, the problem is that both the singleton density scores and GIANT height summary statistics are stratified across the European north south cline. We cannot exclude the possibility that similar biases can exist in other methods, but we have not found any other examples of it. LD score regression is unlikely to be affected, since residual (environmental) stratification should affect high and low LD score SNPs to a similar extent, and thus not have a large impact on the parameter estimates. To confirm the robustness of LD score regression, we have compared bivariate LD score regression estimates from GIANT to estimates from the UK Biobank. In each case, we used LD hub to obtain genetic correlation estimates between height and 832 other traits. We found very high concordance between the estimates in GIANT and UK Biobank, which further supports that bivariate LD scores regression results are in fact robust to population stratification.

![](elife-39702-resp-fig1){#respfig1}

While it is outside the scope of this work to provide a complete characterization of the extent to which residual population stratification affects the plethora of methods that make use of GWAS summary data, we hope that it provides a useful case study and stimulates more research in this area, as well as more careful study design in general.

Reviewer \#2:

> This paper identifies a discrepancy between signs of selection estimated from UK Biobank data, compared with previous studies, and suggest that those earlier signals were caused by subtle stratification in the data. This is a useful contribution to an important question. I have only minor comments (below), but overall, urge the authors to try to rewrite the text to make it more accessible to those not immersed in the field. I find it hard to make specific suggestions, but it comes across as a list of statistical tests, without enough flow to carry the reader along with the argument. Admittedly, given the quite intricate arguments, this is not easy to do.

We have substantially edited the text and hope that it has become more accessible.

> Minor Comments:
>
> Why should one believe that using the first 15 PC corrects for stratification? Even this is somehow traditional in the field, it needs explanation, since the failure of the correction is the key point of the paper.

One can certainly envision a scenario where very few samples in the dataset have a substantially different ancestry or there is an axis of very mild stratification affecting many samples. Both of these would not be captured by top principal components. However, investigation of these effects is not a focus of this manuscript, which attracts attention to a problem rather than suggests new analytical standards.

> Figure 1B: The x axis needs to be labelled. More important, Spearman\'s correlation seems far too small, given that by eye, the points follow the linear regression rather well. This may be related to the large values seen at the right of each figure, fitting a single regression is clearly inappropriate. There needs to be a test which separates these two sets of points in some way: as it stands the significance test is just not appropriate.

We have labeled the x-axis for Figure 1B. We agree with the reviewer and, in our work, present an analysis that studies the tSDS distribution for only genome-wide SNPs (Figure 3). We use the Spearman correlation coefficient to recapitulate the original analysis. The points and the linear slope in the figure are for visualization only. The Spearman correlation coefficient is computed based on raw data and is unrelated to the dots that correspond to binned data.

> Figure 3: b in the figure should be β. Also, there is a paragraph break before \"The patterns\" which makes it hard to work out what is main text and what is caption.

We have updated the figure and removed the paragraph break.

> Figure 4: I do not understand what the \"six summary statistics\" are here.

We have corrected the caption to say "four" summary statistics

> Discussion section: The concluding paragraph seems too weak, especially the sentence \"In no way..\". Surely the point of the paper is to \"question the statistical methodology.... in polygenic tyests for adaptation\", since that methodology seems to give spurious results? It is also not at all clear how much the stratification implied here influences effect size estimates in GWAS.

We have edited this sentence as well as the concluding paragraphs in general.

> Paragraph five of subsection "Polygenic scores" Does the distribution in fact follow a β?

Again, we have re-implemented the existing approach used by previous work (Berg et al., 2017). Although not shown in the paper, we have investigated the issue and found that different ways to compute confidence intervals yield very similar results (including methods not making specific assumptions about the shape of allele frequency distribution).

Reviewer \#3:

> Both manuscripts by Berg et al. and Sohail et al. present thorough and insightful analyses with highly relevant results for current and future GWAS studies. Even prior to publication, the manuscripts have considerable impact. They will be widely read and cited. I do not think that further analyses are needed, with the potential exception of the third point below. All other points concern the discussion, in particular the guidance for further research that will surely emerge from these studies.
>
> How safe are results based on the UK Biobank data?
>
> This refers to the weak signals reported (with much caution) in the present studies, but also to potential future results on other traits. You recommend using data \"such as UKB\" and we will certainly see many more studies based on this resource. I would therefore appreciate a more specific discussion of risks connected to this particular data set.
>
> 1\) Stratification even within the UKB-GB data: It is well known that height and socioeconomic status are correlated in modern societies (e.g. BMJ 2016; 352:i582), and social status correlates with descent. In the UK, both factors are also geographically stratified, with people living in the north of the country having lower socioeconomic status and shorter stature, on average, than those in the south. Furthermore, the percentage of Anglo-Saxon admixture varies across the UK. How could these factors influence results based on UKB data, both here and otherwise?

This is an important point, which we took into account. We repeat here the same response as above (the Major comments section). The revised version of the manuscript discusses the confounding in the UK biobank data. We clearly demonstrate that uncorrected summary statistics of the UK Biobank GWAS show signals of stratification even if the analysis is restricted to White British individuals. Interestingly, in the UK the north-south genetic cline tracks the height gradient in the opposite direction than in Continental Europe. Obviously, the magnitude of the confounding is much smaller, compared to the confounding that can arise from residual stratification in a trans-European sample. It seems likely that both genetic and environmental stratification are present along similar dimensions in the UK Biobank population, which could explain this finding. Principal components can correct for stratification effects, regardless of whether they are of genetic or environmental origin. We therefore have made no attempts to disentangle the causes of stratification in the UK Biobank, but other researchers have (Haworth et al.).

> 2\) Potential influence of GxE interactions: The manuscripts focus (for good reason) on issues connected with stratification. However, if polygenic scores depend on the environment (e.g., due to countergradient variation), GxE interactions are an alternative confounding factor. Importantly, use of a homogeneous detection panel (to avoid stratification), such as UKB-GB, could increase these effects. Maybe this should be briefly discussed in the context of the present results and mentioned as a necessary caveat also for future studies that use detection panels from narrow geographic regions.

We thank the reviewer for bringing this up and agree that GxE is another potential confounder affecting transferability of polygenic scores. At the same time, presence of GxE interactions without selection are not expected to generate a non-zero covariance between effect size estimates and allele frequency differences (basis of Qx) or between effect size estimates and allelic ages (basis of tSDS), although such interactions are an important caveat for how adaptation signals should be interpreted. We think that the countergradient due to stabilizing selection in a changing environment (with or without presence of GxE) can indeed lead to a signal of adaptation. Whether this should be considered a false signal or as a true adaptation to the same phenotypic value might be a matter of a terminology debate.

We briefly mention the potential effect of GxE on the transferability of polygenic scores in the Discussion. We decided not to include the technical points above in the manuscript because we are trying to make it more accessible.

> What, exactly, causes the problems with the previous data?
>
> 3\) There seem to be two relevant differences of the GIANT data relative to UKB: 1) UKB is much more homogeneous and 2) GIANT is a meta-study, collecting summary statistics from many sources that are individually corrected for stratification. One would like to know better which factor is decisive. This could be further addressed by combining summaries from sub-samples of the \"UKB-all\" data in an artificial meta-study.

We believe that we have a good understanding of the factors that can lead to residual population stratification in the UK Biobank. First, not including PCs as covariates in the estimation of effect sizes. Second, extending the studied samples from the very homogeneous set of white British individuals to a wider range of samples with more diverse ancestry.

Conducting a meta-analysis per se should not be a factor that compromises stratification correction, as long as the principal components were computed on the whole sample. However, as the reviewer has pointed out, correcting for stratification within each cohort individually can lead to ineffective stratification correction, if cohort sizes are too small to allow PCA to capture the underlying population structure.

The distributed nature of a meta-analysis, and the difficulty of balancing transparency with data privacy concerns, make it easier for inconsistencies or mistakes to remain undetected and to have an impact on stratification correction. As we do not currently have access to cohort level data in GIANT, we are unable to comment on the causes of residual population stratification in the GIANT meta-analysis.

It would be possible to conduct an artificial meta-analysis in the UK Biobank and to induce residual stratification effects by computing PCs in very small cohorts or by omitting some PCs as covariates in some cohort. However, as there are several potential ways for stratification effects to enter into a meta-analysis, we would be unable to make strong conclusions about the origin of the observed differences between GIANT and the UK Biobank.

> 4\) The Robinson et al., 2015 GWAS: Sib-based studies are done to avoid / minimize stratification effects and the Robinson 2015 data have been used as a proof of robustness in several previous studies. The fact that you find clear signs of stratification is sobering and one would like to know what has gone wrong. You may not currently have any explanation and this is fair enough. However, the discussion should be clearer and say upfront that results based on these data cannot be trusted until we understand the issues.

Again, repeating the above (the Major comments section). In the revised manuscript, we clarify that we agree with the conceptual approach of Robinson et al. but that the discrepancy is likely to be due to a technical error. We have in fact now confirmed this through correspondence with the authors of Robinson et al., and they are currently preparing a manuscript revisiting these analyses and correcting the technical issues. We emphasize that family-based effect size estimates computed in the UK Biobank following the Robinson et al. methodology behave as expected.

> Minor Comments:
>
> a\) You use 11 different summary statistics, with partly inconsistent naming strategy. I had to look up names in the methods part a number of times. I think this can be improved. Maybe even use the same names as Berg et al. where the summaries are identical.

We have made sure the names of the 11 summary statistics are consistent throughout the paper and figures. The main \"UKB\" dataset is referred to as \"UKB Neale\" in the supplemental figures to distinguish it from \"UKB Neale new\" and from the UKB LMM summary statistics \"UKB Loh\".

> b\) The switch from 1000 genomes to POPRES complicates comparison between figures. If there are advantages of POPRES, why not use it throughout? This holds, in particular, for the test of the latitudinal slope, which would be more convincing with many populations rather than just 4 from the 1000 genomes data.

We use 1000 genomes as it is publically available and several of the previous studies we analyze in this paper use 1000 genomes populations for claims of polygenic adaptation (Mathieson et al., Berg et al). The switch to POPRES for the test of latitudinal slope and overall overdispersion is to ensure that we do not see a nonsignificant P-value simply due to a lack of power in 1000 genomes. We realize this makes comparing Figures 1 and 4 difficult but we believe our paper is stronger for analyzing both datasets due to their different strengths and because both datasets have been used by previous studies of polygenic adaptation.

> c\) Figure 4: \"The overdispersion signal disappeared entirely when the UK Biobank family based effect sizes were used\": Is this due to the smaller sample size of the sib data or due to residual stratification issues in UKB? This could be tested using a sub-sample from UKB of the same size as the sib data.

Even without running another GWAS on a subset of the UK Biobank, we have some reasons to believe that the lack of overdispersion signal in the family-based estimates reflects a lack of power rather than residual stratification in the UK Biobank: Row 7 in Figure 4---figure supplement 1 shows that in the UK Biobank GWAS of white British samples without PC correction, no latitude signal is detectable, unless only genome-wide significant SNPs are used, which are least affected by stratification effects. We therefore think that the latitude signal at the genome-wide significant SNPs is likely real, rather than driven by stratification in the UK Biobank, as the stratification effects in UKB WB no PCs tend to go in the opposite direction. This leads us to believe that given enough power, a real overdispersion signal should probably be detected. However, we can't help but remain agnostic as even for genome-wide significant SNPs (Figure 1---figure supplement 2B), polygenic scores for both modern and ancient individuals change when the main UKB summary statistics are used (WB ancestry controlling for 10 PCs) instead of GIANT. This shift, for example, for the hunter-gatherer (HG) polygenic score is troubling as we know that different European populations have variable amounts of ancient HG vs. EF vs. SP ancestry, and could reflect residual stratification in the UKB GWAS not captured by our PCs.

> d\) Figure 3 legend: \"suggesting that tSDS shift at the gw-significant SNPs is not driven by population stratification\": only true for stratification due to this particular axis.

We agree with the reviewer and have changed this sentence to "There is no significant difference in frequency in these two populations, suggesting that tSDS shift at the gw-significant SNPs is not driven by population stratification at least due to this particular axis."

> Additional data files and statistical comments:
>
> All necessary information is provided and the UKB sib data is on Dryad. I think the other newly generated GWAS data should go there, too.

We have placed all newly generated GWAS data on Dryad.
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